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Macroeconomic conditionsWemeasure an individual stock’s misvaluation based on the deviation of its price from predicted intrinsic
value. Both under- and overvalued stocks identiﬁed by this misvaluation measure exhibit greater valua-
tion uncertainty and arbitrage difﬁculty, and the misvaluation measure strongly predicts stock returns
incremental to size, book-to-market ratio, past returns, and various return anomalies. Based on the mis-
valuation measure, we form a misvaluation factor and ﬁnd that stock return covariances with this factor
possess signiﬁcant and robust return predictive power. We further show that the misvaluation factor pre-
dicts future economic conditions, providing additional insight into the real effect of systematic misvalu-
ation in the stock market.
 2013 Published by Elsevier B.V.1. Introduction
The existence of investors’ cognitive biases and arbitrage lim-
its suggests that stock misvaluation cannot be fully eliminated
by rational investors in the market, but rather is only corrected
over time. Behavioral ﬁnance studies further predict that misval-
uation comoves in the stock market. Such comovement could
arise from ﬂuctuations in market-wide sentiment, the common
movements of noise traders, investors’ ‘‘style investment’’, or re-
tail investors’ common misperceptions of ﬁrms’ prospects and
correlated trading (De Long et al., 1990; Barberis and Shleifer,
2003; Kumar and Lee, 2006). These studies reveal that system-
atic retail sentiment or trading has incremental explanatory
power for return comovement beyond the usual risk factors,
which may result from the fact that retail investors move the
market and contribute to the commonality in stock
misvaluation.
Motivated by the aforementioned studies, in this study, we
examine misvaluation comovement and stocks’ systematic
misvaluation in the market. We measure individual stocks’misvaluation directly based on their pricing deviations from
industry norms. Using the pricing deviation-based misvaluation
measure, we form a misvaluation factor and examine whether
loadings on this factor predict future stock returns. Furthermore,
we explore the relation between the misvaluation factor and fu-
ture states of the economy, which provides additional insight
into the real effect of systematic misvaluation in the stock
market.
Our study is related to Hirshleifer and Jiang (2010). They iden-
tify common misvaluation across stocks based on ﬁrms’ debt and
equity ﬁnancing, and builds a ﬁnancing-based misvaluation factor
(UMO) from repurchase and new issue ﬁrms.3 In contrast to their
study, we measure misvaluation according to the difference between
the observed market prices and predicted intrinsic values of individ-
ual stocks. We follow Rhodes-Kropf et al. (2005) in estimating a
ﬁrm’s intrinsic value based on its book value, net income, and lever-
age, along with the pricing for each of these three components with-
in the ﬁrm’s industry. Rhodes-Kropf et al. (2005) ﬁnd that the three
accounting variables explain around 80–94% of the within-industry
variation in ﬁrm values, and deﬁne ﬁrm misvaluation as the devia-
tion of the market price from the intrinsic value implied by theanagers’
they are
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other studies also use this method to identify misvaluation in differ-
ent contexts (e.g., Hertzel and Li, 2010; Hoberg and Phillips, 2010),
and we denote ﬁrm misvaluation as MSVF in this paper.
The pricing deviation-based approach has several advantages
over the ﬁnancing-based approach of Hirshleifer and Jiang (2010)
in the investigation of the relation between stock misvaluation
and the cross section of expected stock returns. As it is not condi-
tional on management’s behavior, it is not subject to the concern
that ﬁrms may issue or retire shares for reasons other than mis-
pricing.5 It measures misvaluation directly for individual stocks
and thus allows us to examine the performance and characteristics
of stocks with different degrees of misvaluation, which is difﬁcult
under the ﬁnancing-based approach. Moreover, the pricing of UMO
needs to be differentiated from the share issuance effect, as Pontiff
and Woodgate (2008) argue that the latter drives the return predict-
ability of ﬁrms’ ﬁnancing activities. Our approach does not encoun-
ter such a challenge.
Before testing the return predictability of MSVF, we ﬁrst exam-
ine its association with various stock characteristics. We sort
stocks into deciles based onMSVF and ﬁnd that ﬁrm age, proﬁtabil-
ity, dividend-paying propensity, and asset tangibility all exhibit an
inverted U-shaped pattern across the MSVF deciles, whereas the
standard deviation of analysts’ forecasts and idiosyncratic volatil-
ity both display a U-shaped pattern. The evidence suggests that
stocks with a higher degree of misvaluation, either under- or over-
valuation, tend to be younger, less proﬁtable, less likely to pay out
dividends, and less tangible in addition to having lower greater dis-
persion in analysts’ forecasts and higher idiosyncratic volatility.
According to Baker and Wurgler (2006), such stocks have greater
valuation uncertainty and arbitrage difﬁculty, which could add to
their degrees of misvaluation.6 The evidence lends further support
to the use of MSVF as a measure of stock misvaluation.
Based on MSVF, we empirically test the relation between stock
misvaluation and future returns. MSVF exhibits incremental return
predictive power over conventional variables including size, book-
to-market ratio, return reversal, and momentum. The control of the
share issuance measure of Pontiff and Woodgate (2008), which
captures ﬁrms’ ﬁnancing activities in a broader way, has little
inﬂuence on the relation between MSVF and returns, suggesting
that MSVF captures misvaluation from a perspective that is differ-
ent from that of ﬁrms’ ﬁnancing activities. The results are also ro-
bust to the control of idiosyncratic volatility, operating accruals,
asset growth, investment-to-asset ratio, leverage, and the changes
in the market value of equity over the past ﬁve years.7
To examine the commonality in misvaluation across stocks, we
sort stocks based onMSVF and form a misvaluation factor (MSV) by4 In addition to the ﬁrm-level misvaluation measure discussed in this study,
Rhodes-Kropf et al. (2005) also propose methods for identifying misvaluation at the
industry level (e.g., whether the entire industry is mispriced) based on long-run
pricing multiples. The incorporation of industry-level misvaluation in measuring
stock misvaluation only strengthens our results. For simplicity’s sake, we consider
only ﬁrm-level misvaluation in this study.
5 In addition to mispricing, ﬁrms’ ﬁnancing activities can also be driven by a variety
of factors such as changes in liquidity needs, growth opportunities, and dividend
payments (Kim and Weisbach, 2008; Lyandres et al., 2008; Hertzel and Li, 2010).
Likewise, not all ﬁrms will undertake equity issues or repurchases once misvaluation
occurs given the high transaction costs and other forms of market friction.
6 The factors that determine the direction of misvaluation (over- or undervalua-
tion) are unclear. The results show that undervalued (overvalued) stocks tend to be
small (large), have high (low) book-to-market ratio, and are more likely to be past
losers (winners). It is possible that valuation uncertainty and arbitrage difﬁculty
attract unsophisticated traders who tend to chase stocks with greater visibility and
growth opportunities but ignore less visible stocks and value stocks, and tend to
overreact to past return trends assuming that the trends will continue.
7 The control of these variables is motivated by Ang et al. (2006), Sloan (1996),
Cooper et al. (2008), Lyandres et al. (2008), Ferguson and Shockley (2003), and
Gerakos and Linnainmaa (2012)measuring the returns on a factor-mimicking portfolio that goes
long on stocks in the bottom 30%MSVF group (undervalued stocks)
and short on stocks in the top 30% MSVF group (overvalued stocks)
over the period from July 1968 to December 2011. MSV yields an
average return of 0.78% per month, which remains signiﬁcantly dif-
ferent from zero with a magnitude of 0.50% per month after con-
trolling for market, size, book-to-market ratio, momentum,
liquidity, investment, and leverage factors, along with the UMO
factor of Hirshleifer and Jiang (2010). The Sharpe ratio associated
with MSV is 0.35, which is higher than that of other factors. More
importantly, we ﬁnd that stock return covariances with the misval-
uation factor, captured by stock loadings on MSV, are signiﬁcantly
positively related to future stock returns. The results hold at both
the portfolio and individual stock levels, and the control of stock
loadings on other return factors, including UMO, has little inﬂuence
on the return predictive power of stocks’ sensitivities to MSV. In
addition, we ﬁnd that the return predictive powers of stock loading
on the misvaluation factor and the ﬁrm misvaluation measure
MSVF are not subsumed by each other. As the loading on MSV cap-
tures comovement with market-wide misvaluation and the charac-
teristic measure MSVF captures both systematic and idiosyncratic
misvaluation, the evidence is in line with the conjecture of Daniel
et al. (2005) that both misvaluation components can act as return
predictors.
Finally, to further our understanding of the relation between
systematic misvaluation and the cross section of expected stock re-
turns, we examine the relation between the misvaluation factor
and future economic conditions. We conjecture that MSV contains
information on market-wide misvaluation and therefore could
help to predict future states of the economy. The empirical results
show that MSV is positively related to the correction of average
misvaluation across individual stocks. A high MSV indicates faster
correction of misvaluation, which is likely to be followed by
improving resource allocation efﬁciency in the real economy. A
low MSV, on the contrary, suggests that misvaluation is prevailing
in the stock market, which could be value-destroying through dis-
torting the decision-making of market participants. We thus ex-
pect a higher (lower) MSV to be associated with a lower (higher)
probability of future recession. The empirical results support our
prediction. MSV is signiﬁcantly negatively related to the likelihood
of future recession, and the result is robust to the control of other
conventional return factors. The evidence further implies that
stocks that comove more with the undervalued stocks are better
able to prosper than stocks that comove more with the overvalued
stocks when good states of the economy are expected, which sheds
light on the return forecasting power of individual stocks’ sensitiv-
ities to the misvaluation factor.
Our ﬁndings challenge the classical view of asset pricing, and
contribute to the literature by providing additional evidence of
stock return comovement arising from market inefﬁciency.8 This
paper also supplements Hirshleifer and Jiang (2010) by providing
further evidence of misvaluation comovement using a distinct ap-
proach in identifying stock misvaluation. By exploring the informa-
tion content of commonality in misvaluation and examining the
relation between the misvaluation factor and future states of the
economy, this paper enriches our understanding of the real effect
of systematic misvaluation in the stock market.
The rest of this paper is organized as follows. Section 2 de-
scribes our data and methodology, Section 3 examines the stock
properties associated with the pricing deviation-based misvalua-
tion measure, Section 4 investigates the relation between stock8 Several studies have attempted to examine the return comovement resulting
from market imperfections from different perspectives, e.g., Lee et al. (1991), Barberis
et al. (2005), Baker and Wurgler (2006, 2007), Kumar and Lee (2006), Barber et al.
(2009),Ho and Hung (2009), and Berger and Turtle (2011).
Table 1
Summary statistics. This table reports the summary statistics of the sample
characteristics. ME, BM, and RET are market capitalization (in millions), book-to-
market ratio, and monthly stock returns, respectively. AGE is the number of years
since a stock’s ﬁrst appearance on CRSP, MSVF is ﬁrm misvaluation in log terms, NI is
net income scaled by book value of common equity, DE is the leverage ratio deﬁned as
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mation of the misvaluation factor and tests the return predictive
power of loadings on the factor, and Section 6 examines the rela-
tion between the misvaluation factor and future states of the econ-
omy. Section 7 concludes the paper.the book value of total liabilities over the market value of equity following Ferguson
and Shockley (2003). IVA is the investment-to-asset ratio deﬁned as the annual
change in gross property, plant, and equipment plus the annual change in inventories
scaled by lagged book value of total assets following Lyandres et al. (2008), AG is the
asset growth variable of Cooper et al. (2008), ACC is the operating accruals of Sloan
(1996), IVOL is the monthly idiosyncratic volatility of stock returns measured as the
standard deviation of residuals obtained from regressing daily stock returns on the
Fama–French three factors, ISSUE is the share issuance measure deﬁned as the change
in the logarithm of shares outstanding over a 12-month period measured following
Pontiff and Woodgate (2008), and DME is the logarithm of ﬁve-year changes in the
market value of equity measured following Gerakos and Linnainmaa (2012).
Mean Median Q1 Q3 Std. dev.
ME (in millions) 1307 125 33 526 6429
BM 0.96 0.76 0.45 1.18 1.14
RET 0.01 0.00 0.06 0.07 0.15
AGE 15 11 6 20 14
MSVF 0.02 0.04 0.39 0.33 0.65
NI 0.22 0.10 0.01 0.15 11.47
DE 2.58 0.81 0.31 2.12 7.71
IVA 0.09 0.05 0.00 0.12 0.40
AG 0.18 0.08 0.00 0.20 1.02
ACC 0.01 0.03 0.08 0.03 0.65
IVOL (100) 2.75 2.18 1.41 3.39 2.24
ISSUE 0.11 0.01 0.00 0.07 0.43
DME 0.22 0.24 0.26 0.72 0.862. Data and methodology
2.1. Sample
Our sample includes common stocks listed on NYSE, AMEX and
NASDAQ, and the sample period is from 1968 to 2011. The stock
return data are from the Center for Research in Security Prices
(CRSP), the accounting data are from Compustat, and the data on
analyst forecasts are collected from the I/B/E/S. The daily and
monthly market factor (MKT), size factor (SMB), book-to-market
factor (HML), and momentum factor (MOM) are taken from Ken-
neth French’s website, the ﬁnancing-based misvaluation factor
(UMO) of Hirshleifer and Jiang (2010) is obtained from Danling
Jiang’s website, and the index of sentiment changes of Baker and
Wurgler (2007) is taken from Jeffery Wurgler’s website.
2.2. Firm misvaluation measure MSVF
We follow Rhodes-Kropf et al. (2005) to classify stocks into 12
industries based on the Fama–French industry classiﬁcation sys-
tem and run the following cross-sectional regression within each
industry on an annual basis:
M ¼ b0jt þ b1jtBþ b2jtAbsðNIÞ þ b3jt Ið<0Þ  AbsðNIÞ þ b4jtLEV
þ ; ð1Þ
where M is the logarithm of a ﬁrm’s market value three months
after the ﬁscal year-end and j is the industry to which the ﬁrm be-
longs. The independent variables are measured in the same period
as M. B is the Compustat book value of the common equity in nat-
ural log terms. Abs(NI) is the log of the absolute value of net income.
I(<0) is a dummy variable that equals one when net income is nega-
tive and zero otherwise. LEV is the leverage ratio calculated as one
minus the common equity over total assets. Firm observations with
leverage ratios greater than one or less than zero are deleted.
As the coefﬁcients obtained from the annual cross-sectional
regression conducted at the industry level reveal market expecta-
tion of the average growth and discount rates of the speciﬁc indus-
try, the ﬁtted value from the regression ð bMÞ represents the value of
the ﬁrm justiﬁed by its current ﬁnancial fundamentals and con-
temporaneous industry pricing. The difference between M and bM ,
or the regression error, is the ﬁrm’s pricing deviation from the
average industry valuation, and is treated as ﬁrm misvaluation
MSVF:
MSVF ¼ M  bM: ð2Þ
As it is almost impossible to estimate the exact value of a ﬁrm
with a perfect valuation model, one model that provides a fair
and reasonable valuation benchmark is sufﬁcient for this study.
The model of Rhodes-Kropf et al. (2005) serves this purpose. The
three accounting variables explain over 86% of the within-industry
variation in ﬁrm values on average in our sample, and help to cre-
ate sufﬁcient cross-sectional dispersion in misvaluation among
sample stocks. Our empirical results show that the misvaluation
measure derived from this parsimonious model possesses strong
and robust return predictive power. In addition, the relation be-
tween MSVF and a set of stock characteristics shows that both un-
der- and overvalued stocks share some common properties. They
both tend to have subjective valuations, and are both difﬁcult toarbitrage and favored by retail investors yet avoided by sophisti-
cated investors. These properties contribute to stocks’ pricing devi-
ations and conﬁrm MSVF as a fair proxy for misvaluation.
A variety of control variables are used in our empirical investi-
gation.ME is market capitalization, BM is the book-to-market ratio,
AGE is the number of years since a stock’s ﬁrst appearance on CRSP,
NI is net income scaled by the book value of the common equity. DE
is the leverage ratio deﬁned as the book value of the total liabilities
over the market value of equity, and the leverage factor LEV is mea-
sured using the return difference between high and low leveraged
ﬁrms following Ferguson and Shockley (2003). IVA is the invest-
ment-to-asset ratio deﬁned as the annual change in gross property,
plant, and equipment plus the annual change in inventories di-
vided by the lagged total assets, and the investment factor INV is
formed based on the return difference between ﬁrms with low
and high IVA following Lyandres et al. (2008). ACC represents the
operating accruals of Sloan (1996), AG is the asset growth variable
of Cooper et al. (2008), IVOL is the monthly idiosyncratic volatility
measured following Ang et al. (2006), ISSUE is the change in ad-
justed shares outstanding over a 12-month period following Pon-
tiff and Woodgate (2008), and DME is the logarithm of ﬁve-year
changes in the market value of equity measured following Gerakos
and Linnainmaa (2012). Summary statistics of these variables
based on our sample stocks are reported in Table 1.
3. MSVF and stock properties
It is worthwhile to examine the stock characteristics associated
withMSVF to validate it as our misvaluation measure before testing
its return predictive power. Baker and Wurgler (2006) conjecture
that certain properties add to the valuation subjectivity and arbi-
trage difﬁculty of some stocks, making them speculative and more
likely to be mispriced than other stocks. We therefore sort stocks
into deciles based on MSVF at the end of each year and examine
the associated salient characteristics of each decile. Firms with
the lowest MSVF are grouped in M1 and ﬁrms with the highest
MSVF are grouped in M10. Note that the deviation of price from
Table 2
Firm misvaluation and stock characteristics. This table reports the average stock characteristics of decile portfolios formed based on ﬁrm misvaluation MSVF. At the end of each
year, stocks are sorted into deciles based on the ﬁrm misvaluation measure. M1 (M10) contains the stocks with the greatest undervaluation (overvaluation). AGE is deﬁned as the
number of years since a stock’s ﬁrst appearance on CRSP, E+ is the percentage of ﬁrms with positive earnings, D+ is the percentage of dividend payers, PPE/A is ﬁxed assets scaled
by total assets, FSTD is the standard deviation of analysts’ forecasts scaled by the absolute value of the consensus forecast, IVOL is the average monthly idiosyncratic volatility over
the year, ME (in millions) is market capitalization at the end of the year, BM is the book-to-market ratio, and MOM represents the stock returns over the past 12 months. The
numbers in parentheses are t-ratios based on Newey-West standard errors.
M1(L) M2 M3 M4 M5 M6 M7 M8 M9 M10(H) M10-M1 t-stat.
(1) MSVF 1.17 0.61 0.39 0.22 0.09 0.04 0.19 0.37 0.63 1.27 2.43⁄⁄⁄ [32.82]
M10-M5 t-stat. M5-M1
(2) AGE 12.43 14.00 14.62 15.19 15.41 15.42 15.01 14.20 12.91 10.51 4.90⁄⁄⁄ [12.89] 2.98⁄⁄⁄ [7.54]
(3) E+ (in percent) 56.24 74.15 81.14 83.69 85.86 85.45 84.24 81.97 77.37 66.66 19.20⁄⁄⁄ [8.63] 29.62⁄⁄⁄ [13.24]
(4) D+ (in percent) 38.38 49.99 56.53 60.97 63.67 63.89 62.02 57.62 50.93 40.27 23.40⁄⁄⁄ [17.99] 25.29⁄⁄⁄ [12.84]
(5) PPE/A 0.55 0.53 0.54 0.56 0.57 0.57 0.55 0.53 0.50 0.46 0.10⁄⁄⁄ [11.85] 0.02⁄ [1.88]
(6) FSTD 0.38 0.22 0.18 0.17 0.16 0.15 0.15 0.17 0.19 0.29 0.12⁄⁄⁄ [4.39] 0.21⁄⁄⁄ [5.16]
(7) IVOL (in percent) 3.63 2.97 2.65 2.44 2.36 2.33 2.36 2.46 2.63 2.96 0.60⁄⁄⁄ [8.76] 1.27⁄⁄⁄ [8.53]
10-1
(8) ME (millions) 141 413 662 878 1047 1348 1618 2013 2422 1897 1755⁄⁄⁄ [4.83]
(9) BM 2.21 1.33 1.12 0.98 0.87 0.77 0.68 0.57 0.46 0.30 1.91⁄⁄⁄ [13.03]
(10) MOM 0.08 0.03 0.08 0.12 0.14 0.17 0.19 0.23 0.31 0.50 0.57⁄⁄⁄ [9.93]
⁄ Denote signiﬁcance at the 10% level.
⁄⁄ Signiﬁcance at the 5% level.
⁄⁄⁄ Signiﬁcance at the 1% level.
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both bottom and top MSVF deciles, with M1 containing the most
undervalued stocks and M10 the most overvalued ones.
For each MSVF decile, we calculate the average of a variety of
stock characteristics and report the results in Table 2. Row (1)
shows that the average MSVF is close to zero in the middle deciles,
where stocks show the smallest deviation of prices from the pre-
dicted values, and is as low as 1.17 in M1 and as high as 1.27
in M10. Rows (2)–(5) present the average age, percentage of ﬁrms
with positive earnings (E+), proportion of dividend payers (D+), and
asset tangibility measured by property, plant, and equipment over
total assets (PPE/A) for each MSVF decile. Both M1 and M10 are
dominated by young ﬁrms, and the age differences between M10
and M5 and between M5 and M1 are signiﬁcantly negative and po-
sitive, respectively. The short history of earnings of young ﬁrms al-
lows investors to defend valuation ranging from too high or too
low, which could contribute to greater misvaluation. Further,
around 85% of the ﬁrms in M5 are proﬁtable, while only about
56% of the ﬁrms in M1 and 67% of the ﬁrms in M10 show positive
earnings. Negative earnings make the valuation more difﬁcult and
mark the stocks as speculative. Row (4) shows that over 60% of the
ﬁrms in M5 pay out dividends, while only around 40% of the ﬁrms
in M1 and M10 are dividend payers. By not paying dividends, the
stocks’ fundamentals remain far in the future and thus are more af-
fected by speculation. Row (5) shows that asset tangibility in-
creases from M1 to M5, but decreases from M6 to M10. The lack
of asset tangibility will result in the greater involvement of subjec-
tivity in the valuation process.
Row (6) shows the average standard deviations of analysts’
forecasts of ﬁrms’ earnings scaled by the absolute value of the
median, or FSTD, for each decile. FSTD is only 0.16 in M5, but in-
creases to 0.38 in M1 and 0.29 in M10. The dispersion of profes-
sionals’ opinions conﬁrms that stocks with greater pricing
deviations have more subjective valuations, which add to their
speculative appeal. Row (7) presents the average monthly idiosyn-
cratic volatility across deciles. As idiosyncratic volatility cannot be
hedged and diversiﬁed, it increases arbitrage costs and deters
arbitragers from actively exploring misvaluation (Shleifer and
Vishny, 1997). Consistent with predictions, IVOL is high in both
M1 and M10, but low in M5. The difference in IVOL is 0.60%(t = 8.76) between M10 and M5, and 1.27% (t = 8.53) between
M5 and M1.
The last three rows show the average size (ME), book-to-market
ratio (BM), and returns over the past 12 months (MOM) of stocks in
each MSVF decile. In contrast to the variables discussed in the pre-
vious paragraphs, these three variables exhibit a roughly linear
pattern across the MSVF deciles and thus may provide some hints
on the kinds of stocks that tend to be undervalued (overvalued).
Size increases generally with MSVF, although not monotonically.
BM and MOM decreases and increases with MSVF, respectively. It
is possible that stocks with higher subjective valuations and arbi-
trage difﬁculty attract speculative investors, who tend to chase
large and high-ﬂying growth ﬁrms, neglect small and value ﬁrms,
and overreact to past return trends assuming that the trends will
continue. As a result, small stocks with high book-to-market ratios
and poor past performances, coupled with a greater appeal to spec-
ulative demands, tend to be undervalued, whereas large stocks
with low book-to-market ratios and past outperformances, cou-
pled with greater valuation uncertainty and arbitrage difﬁculty,
tend to be overvalued.
Fig. 1 shows the results in Table 2 graphically. AGE, E+, D+, and
PPE/A all exhibit an inverted U-shaped pattern across theMSVF dec-
iles, whereas FSTD and IVOL both show a U-shaped pattern. This
conﬁrms that, compared with ﬁrms that have an MSVF close to
zero, ﬁrms positioned toward either end of the MSVF spectrum
are more likely to be associated with the salient characteristics of
young age, no earnings, no dividends, and less tangible, which
make their valuations more subjective. They also show higher arbi-
trage difﬁculty and thus are more likely to be dominated by unso-
phisticated retail investors. All of these pieces of evidence
consistently suggest that a large deviation of market price from
the model-predicted ﬁrm value indicates greater speculative de-
mands and a higher probability of mispricing, and that MSVF lar-
gely captures the cross-sectional difference in ﬁrm misvaluation.
4. MSVF and the cross-section of stock returns
In this section, we empirically test whether MSVF can predict
the cross-section of stock returns. Two commonly used approaches
in the asset pricing literature are adopted: sorts and regression. As
Fig. 1. Characteristics of portfolios formed based on the ﬁrm misvaluation measure. In each year, we sort sample stocks into deciles according to the ﬁrm misvaluation
measure MSVF. For each decile, we calculate its average age (AGE), percentage of ﬁrms with positive earnings (E+), percentage of dividend payers (D+), tangible assets scaled
by total assets (PPE/A), standard deviation of analysts’ forecasts scaled by the absolute value of the median estimate (FSTD), average monthly idiosyncratic volatility of returns
over the past one year (IVOL), ﬁrm size (ME), book-to-market ratio (BM), and return over the past 12 months (MOM). The average of each of the listed variables for the
misvaluation deciles are shown in Panels (A)–(I).
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to value, we expectMSVF to be negatively related to expected stock
returns.4.1. Sorts based on MSVF
At the end of each June, we sort stocks into deciles based on
MSVF and calculate the equal-weighted returns for each decile over
the next 12 months. The post-ranking returns are linked across
time, yielding a time series of returns from July 1968 to December
2011. We also calculate the abnormal returns for each decile by
regressing decile returns over the market factor (CAPM a), the
Fama–French three factors (FF3 a), and the Fama–French three fac-
tors plus the momentum factor (FF3 + MOM a).
Table 3 reports the results. Raw returns decrease across the
MSVF deciles. The return difference between deciles with the most
overvalued stocks (M10) and the most undervalued stocks (M1) is
1.234%, which is signiﬁcantly different from zero at the 1% level
(t = 6.93). Adjusting for the conventional return factors does not
change the result qualitatively. The return difference between
M10 and M1 remains signiﬁcantly negative at the 1% level after
the control of market, size, book-to-market, and momentum fac-
tors, and the magnitude of the return spread between M10 and
M1 is over 1% per month in all cases.Table 2 shows that MSVF is correlated with size and book-to-
market ratio. To ascertain that the return predictive power ofMSVF
is not simply driven by its relation with the two variables, we con-
duct two-way sorts in Panel B of Table 3. We ﬁrst sort stocks into
size quintiles at the end of June of each year, and then into quin-
tiles based onMSVF within each size quintile. The return difference
between the top and bottom MSVF quintiles, after adjusting for the
Fama–French three factors and the momentum factor, is reported
within each size quintile. The results show that high MSVF stocks
signiﬁcantly underperform low MSVF stocks in four out of ﬁve size
quintiles. The return difference between high and low MSVF stocks
is insigniﬁcant only among the largest stocks.
We then repeat the two-way sorts but ﬁrst sort stocks into BM
quintiles. The return difference between high and low MSVF stocks
is signiﬁcantly negative in all BM quintiles. The magnitude is great-
er among low BM stocks than among high BM stocks. The evidence
that BM does not subsume the relation betweenMSVF and expected
returns suggests thatMSVF conveys information beyond BM in pre-
dicting the cross-section of stock returns.
4.2. Fama–Macbeth cross-sectional regressions
To further the investigation of the return predictive power of
MSVF, we perform stock-level Fama–MacBeth regressions where
stock returns are regressed on MSVF and a set of control variables:
Table 3
Firmmisvaluation and stock returns: sorts. At the end of June of year t, stocks are sorted into deciles based on the ﬁrmmisvaluation measureMSVF. M1 (M10) contains stocks with
the greatest undervaluation (overvaluation). The decile portfolios are held from July of year t to June of year t + 1, and the equal-weighted monthly returns of each portfolio are
calculated. Panel A reports, for each decile, the average raw returns and abnormal returns after controlling for the market factor, the Fama–French three factors, and the Fama–
French three factors plus the momentum factor in percentages. The return difference between the top and bottom misvaluation deciles is also reported. In Panel B, stocks are ﬁrst
sorted into quintiles based on their market capitalization (SIZE) at the end of June or book-to-market ratio (BM). Within each SIZE (BM) quintile, stocks are further sorted into
quintiles based on their ﬁrm misvaluation MSVF, and the return differences between the top and bottom MSVF quintiles after adjusting for the Fama–French three factors and the
momentum factor are reported in percentages. The numbers in parentheses are t-ratios based on Newey-West standard errors with 12-month lags.
M1(L) M2 M3 M4 M5 M6 M7 M8 M9 M10(H) H-L t-stat.
Panel A: Raw returns and alphas of portfolios sorted on MSVF
Raw ret 1.718 1.477 1.335 1.338 1.268 1.119 1.108 0.955 0.830 0.484 1.234⁄⁄⁄ [6.93]
CAPM a 0.880 0.620 0.496 0.485 0.426 0.269 0.239 0.059 0.110 0.514 1.395⁄⁄⁄ [7.30]
FF3 a 0.543 0.291 0.194 0.207 0.164 0.026 0.026 0.106 0.197 0.492 1.035⁄⁄⁄ [7.38]
FF3 + MOM a 0.746 0.486 0.341 0.333 0.296 0.150 0.156 0.042 0.013 0.279 1.025⁄⁄⁄ [6.85]
MSVF SIZE quintiles MSVF BM quintiles
S 2 3 4 B L 2 3 4 H
Panel B: Alphas of portfolios sorted ﬁrst on Size/BM and then on MSVF
H-L 0.886⁄⁄⁄ 0.923⁄⁄⁄ 0.750⁄⁄⁄ 0.294⁄⁄⁄ 0.135 H-L 0.858⁄⁄⁄ 0.620⁄⁄⁄ 0.553⁄⁄⁄ 0.416⁄⁄⁄ 0.385⁄⁄
[4.37] [7.33] [6.28] [2.71] [1.35] [5.14] [4.20] [3.86] [3.67] [2.19]
⁄ Denote signiﬁcance at the and 10% level.
⁄⁄ Signiﬁcance at the 5% level.
⁄⁄⁄ Signiﬁcance at the 1% level.
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þ b5  RETt12;t2 þ b6  ISSUEþ b7  IVOLþ b8  ACC
þ b9  AGþ b10  IVAþ b11  DEþ b12  DMEþ ; ð3Þ
where RET is the monthly stock return, LOGME is the logarithm of
the ﬁrm size at the end of June, LOGBM is the logarithm of the
book-to-market ratio, RETt1 is the past one-month return, and
RETt12,t2 is the past returns from month t  12 to t  2. RETt1
and RETt12,t2 are included to control for the short-term return
contrarian and the momentum effect, respectively. ISSUE is the
change in the number of adjusted shares outstanding, in log terms,
over a 12-month period ending in month t  6, following Pontiff
and Woodgate (2008). We also control for past monthly idiosyn-
cratic volatility (IVOL), operating accruals (ACC), asset growth (AG),
the investment-to-asset ratio (IVA), the leverage ratio (DE), the log-
arithm of the change in the market value of equity over the past ﬁve
years (DME), and industry dummies in the regressions. Stock load-
ings on Fama–French three factors measured at the end of month
t  1 are included in the regressions as well.9 We control factor
loadings in the regressions to alleviate the concern that the return
predictive power of MSVF is solely driven by its correlation with
stock exposures to conventional risk factors.10
Table 4 reports the time-series averages of the estimated coef-
ﬁcients with t-statistics based on Newey-West standard errors.
When monthly stock returns are regressed on MSVF alone in col-
umn (1), the coefﬁcient onMSVF is 0.500 (t = 7.55), which is sig-
niﬁcantly different from zero at the 1% level. The result suggests
that a one standard deviation increase in stock misvaluation
(0.65) would result in a 0.33% decrease in monthly stock returns.
Size, book-to-market ratio, RETt1, and RETt12,t2 are included in
column (2), and the share issuance effect is controlled in column
(3). The coefﬁcient on ISSUE is signiﬁcantly negative, consistent
with the ﬁndings of Pontiff and Woodgate (2008). The inclusion9 To reduce the noise in estimating stock loadings on Fama–French three factors,
including bMKT, bSMB, and bHML, we ﬁrst form 100 portfolios based on the intersections
of size deciles and book-to-market deciles at the end of each June. Equal-weighted
portfolio returns are then regressed on market, size, and book-to-market factors over
the past 36 months. Each portfolio’s loadings on the Fama–French factors are applied
to stocks in the portfolio over the next month.
10 In unreported tests, we also try to control for stock loadings on the momentum,
liquidity, investment, and leverage factors, and the results are very similar. Stock
loadings on all the six risk factors explain only around 40% of the variation in MSVF,
suggesting that MSVF contains information not captured by stock exposures to these
risk factors.of ISSUE has little inﬂuence over the return predictive power of
MSVF, which lends support to our conjecture that MSVF contains
information on ﬁrm misvaluation that is not captured by ﬁrms’
ﬁnancing activities. IVOL enters the regression in column (4), and
ACC, AG, IVA, DE, and DME are included in columns (5)–(9). None
of these variables subsumes the signiﬁcant relation between MSVF
and the stock returns. The coefﬁcient onMSVF remains signiﬁcantly
negative at the 1% level across all of the columns, suggesting that
MSVF contains unique information about future stock returns that
is not reﬂected in other variables.
For the control variables, whereas the coefﬁcients on ACC, AG,
IVA, DE, and DME are all signiﬁcantly different from zero with pre-
dicted signs, the coefﬁcient on IVOL is negative but insigniﬁcant.
The insigniﬁcant coefﬁcient on IVOL is consistent with the ﬁndings
of Doran et al. (2012). They ﬁnd that the relation between stock re-
turns and IVOL is signiﬁcantly negative in non-January months, sig-
niﬁcantly positive in January, and negative but insigniﬁcant
overall. They argue that the evidence could result from the New
Year effect, which boosts investors’ gambling preference and drives
up prices of stocks with lottery features (e.g., high idiosyncratic
volatility) in January. In untabulated tests, we perform the regres-
sion in January and non-January months and conﬁrm their
ﬁndings.
We control the logarithm of ﬁve-year changes in the market va-
lue of stock equity, or DME, in columns (9) and (11). Gerakos and
Linnainmaa (2012) argue that all pricing-relevant variation in BM
originates from recent changes in the market value of equity, and
that the remaining variation in BM is unpriced. There may be con-
cern thatMSVF is highly correlated with DME, which contributes to
its return predictive power. We ﬁnd that the average cross-sec-
tional correlation between DME and MSVF is 33.21% over the sam-
ple period, and the regression results in columns (9) and (11)
further show that the return predictive powers of DME and MSVF
are not subsumed by each other. The evidence suggests that MSVF
contains information on future stock returns that is not captured
by DME.5. Misvaluation comovement
So far we have shown that stocks with large price-value devia-
tion tend to have greater valuation uncertainty and arbitrage difﬁ-
culty and attract speculative demands. Furthermore, MSVF is
signiﬁcantly negatively related to future stock returns, even with
Table 4
Firm misvaluation and stock returns: Fama–Macbeth regressions. This table reports the Fama–Macbeth regressions of the monthly stock returns on ﬁrm misvaluation measure
MSVF. LOGME is the logarithm of market capitalization at the end of June, LOGBM is the logarithm of book-to-market ratio, and RETt1 and RETt12,t2 are past returns during
month t  1 and from month t  12 through t  2, respectively. ISSUE is the change in adjusted shares outstanding from month t  17 to t  6, following Pontiff and Woodgate
(2008). IVOL is the idiosyncratic volatility in month t  1, measured as the standard deviation of residuals from regressing daily stock returns on the Fama–French three factors.
ACC is the operating accruals of Sloan (1996), AG is the asset growth variable of Cooper et al. (2008), IVA is the investment-to-asset ratio deﬁned as the annual change in gross
property, plant, and equipment plus the annual change in inventories scaled by the lagged book value of total assets following Lyandres et al. (2008), and DE is the leverage ratio
deﬁned as the book value of total liabilities over the market value of equity following Ferguson and Shockley (2003). DME is the logarithm of ﬁve-year changes in the market value
of equity measured following Gerakos and Linnainmaa (2012). Stock loadings on Fama–French three factors measured at the end of month t  1 and industry dummies are
included in the regressions. The factor loadings, including bMKT, bSMB, and bHML, are estimated based monthly returns over the past 36 months. The time-series means of the
estimated coefﬁcients are multiplied by 100 and reported. The numbers in parentheses are t-ratios based on Newey-West standard errors with 12-month lags.
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
Intercept 1.100⁄⁄⁄ 2.890⁄⁄⁄ 2.839⁄⁄⁄ 2.842⁄⁄⁄ 2.901⁄⁄⁄ 2.871⁄⁄⁄ 2.904⁄⁄⁄ 2.877⁄⁄⁄ 2.475⁄⁄⁄ 2.691⁄⁄⁄ 2.478⁄⁄⁄
[3.80] [3.91] [3.80] [4.50] [3.84] [3.87] [3.94] [3.90] [3.80] [4.18] [4.26]
MSVF 0.500⁄⁄⁄ 0.169⁄⁄⁄ 0.155⁄⁄⁄ 0.172⁄⁄⁄ 0.170⁄⁄⁄ 0.155⁄⁄⁄ 0.156⁄⁄⁄ 0.174⁄⁄⁄ 0.164⁄⁄⁄ 0.158⁄⁄⁄ 0.178⁄⁄⁄
[7.55] [3.11] [2.84] [3.32] [3.12] [2.85] [2.91] [3.24] [2.87] [3.01] [3.16]
LOGME 0.111⁄⁄ 0.106⁄⁄ 0.106⁄⁄⁄ 0.114⁄⁄ 0.110⁄⁄ 0.112⁄⁄ 0.109⁄⁄ 0.087⁄⁄ 0.097⁄⁄ 0.086⁄⁄
[2.32] [2.24] [2.59] [2.37] [2.33] [2.34] [2.28] [2.12] [2.35] [2.28]
LOGBM 0.258⁄⁄⁄ 0.270⁄⁄⁄ 0.237⁄⁄⁄ 0.251⁄⁄⁄ 0.249⁄⁄⁄ 0.256⁄⁄⁄ 0.276⁄⁄⁄ 0.253⁄⁄⁄
[4.52] [4.32] [4. 40] [4.38] [4.36] [4.51] [5.02] [4.43]
RETt1 6.571⁄⁄⁄ 6.653⁄⁄⁄ 6.594⁄⁄⁄ 6.592⁄⁄⁄ 6.598⁄⁄⁄ 6.583⁄⁄⁄ 6.576⁄⁄⁄ 6.864⁄⁄⁄ 6.730⁄⁄⁄ 6.974⁄⁄⁄
[11.75] [11.69] [11.32] [11.68] [11.72] [11.76] [11.75] [12.32] [11.33] [11.81]
RETt12, t2 0.254 0.252 0.292 0.242 0.254 0.245 0.249 0.226 0.268 0.231
[1.26] [1.27] [1.54] [1.20] [1.26] [1.22] [1.23] [1.16] [1.43] [1.27]
ISSUE 0.090⁄⁄ 0.07 0.012
[2.16] [1.64] [0.23]
IVOL 3.498 1.265 2.709
[0.97] [0.36] [0.74]
ACC 0.282⁄⁄⁄ 0.114 0.318⁄⁄
[3.65] [1.25] [2.02]
AG 0.163⁄⁄⁄ 0.112⁄⁄ 0.076
[4.15] [2.01] [0.81]
IVA 0.364⁄⁄⁄ 0.280⁄⁄ 0.241
[4.26] [2.33] [1.46]
DE 0.013⁄⁄ 0.026⁄⁄⁄ 0.025⁄⁄⁄
[2.52] [3.06] [2.93]
D ME 0.300⁄⁄⁄ 0.253⁄⁄⁄
[4.77] [4.29]
Control of FF3 bs No Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Ind. dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R2 (%) 2.99 5.56 5.62 6.09 5.55 5.64 5.61 5.61 6.23 6.28 6.99
No. obs. 1,660,461 1,582,248 1,548,115 1,582,166 1,499,774 1,551,199 1,582,248 1,582,248 1,158,439 1,472,633 1,111,251
⁄ Denote signiﬁcance at the and 10% level.
⁄⁄ Signiﬁcance at the 5% level.
⁄⁄⁄ Signiﬁcance at the 1% level.
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return anomalies that have been documented in the literature. In
this section, we proceed to examine whether misvaluation co-
moves in the market as predicted based on a misvaluation factor
constructed from MSVF.
5.1. Misvaluation factor MSV
To build a misvaluation factor MSV, we sort stocks from low to
high based on MSVF at the end of each June, and form a hedging
portfolio that goes long on the bottom 30% of stocks and short on
the top 30% of stocks. We then calculate the equal-weighted re-
turns on the hedging portfolio to measure MSV.11 The portfolio,
formed at the end of June of year t, is held from July of year t to June
of year t + 1.
Panel A of Table 5 reports the summary statistics for the factor
portfolio of MSV. MSVFL ; MSV
F
M , and MSV
F
H correspond to portfolios
containing stocks within the bottom 30%, middle 40%, and top 30%
MSVF groups, respectively. The average portfolio return in excess of
the one-month risk free rate is 1.118% (t = 2.55) for MSVFL , 0.791%
(t = 2.06) for MSVFM , and 0.339% (t = 0.69) for MSV
F
H . MSV, the
hedging portfolio longing MSVFL and short-selling MSV
F
H , earns an11 This approach of generating a return factor based on a factor mimicking portfolio
is used in many other studies, e.g., Fama and French (1993),Ferguson and Shockley
(2003), Lyandres et al. (2008), Hirshleifer and Jiang (2010).average monthly return of 0.779% (t = 5.76). We also calculate
the Sharpe ratio for MSV and other return factors by dividing the
factor portfolio’s average monthly excess return by the return stan-
dard deviation.MSV provides a Sharpe ratio of 0.35, which is much
higher than that of the market factor (0.09), the size factor (0.06),
the book-to-market factor (0.13), and the UMO factor (0.30). The
evidence suggests that MSV earns an abnormally high return rela-
tive to the benchmark factors. The last column of Panel A shows
the percentage of months with positive returns for each factor
portfolio. MSV is positive in 58.04% of the sample months, a per-
centage that is higher than that of other return factors.
We expect the reversal of stock prices to their intrinsic values to
be slow when investor sentiment is on the rise. Increasing senti-
ment adds to speculative demands, which enhance the misvalua-
tion of individual stocks, deter valuation correction, and thus
decrease MSV. Decreasing sentiment, on the contrary, reduces
speculative trading, speeds up mispricing correction, and increases
MSV. In Panel B of Table 5, we report MSV and the returns on its
component portfolios conditional on whether the change in inves-
tor sentiment (DSENT) is positive or negative during the month.
MSV is signiﬁcantly positive in both types of periods, but its mag-
nitude is much larger in periods when sentiment is decreasing
(1.216%) than in periods when sentiment is increasing (0.311%).
The difference in MSV between periods of decreasing and increas-
ing sentiment is 0.905%, which is signiﬁcantly different from zero
at the 1% level. The Sharpe ratio associated with the factor portfolio
Table 5
Summary statistics of factor portfolios. Panel A reports the summary statistics of
factor portfolios of the misvaluation factor MSV and other return factors. Stocks are
sorted based onMSVF at the end of each June, and MSVFL ;MSV
F
M , and MSV
F
H correspond
to portfolios containing stocks within the bottom 30%, middle 40%, and top 30% MSVF
groups.MKT, SMB, and HML are market, size, book-to-market factors, respectively, and
UMO is the ﬁnancing-based misvaluation factor of Hirshleifer and Jiang (2010). The
average monthly return in excess of the one-month risk-free rate is reported for each
factor portfolio in percentage. Sharpe ratio is deﬁned as the average excess monthly
return over return standard deviation. Positive % represents the percentage of sample
months with positive factor portfolio returns. In Panel B, the sample period is divided
into two subperiods according to whether the change in investor sentiment is positive





H , and MSV are reported for each subperiod. The difference in
MSV between periods of negative and positive sentiment change is also reported. The
numbers in parentheses are t-ratios based on Newey-West standard errors with 12-
month lags except in the last row of Panel B, where the t-ratio is obtained from a two-
sample t-test.
Mean ret t-stat. Sharpe ratio Positive %
Panel A: Factor portfolio returns
MSVFL 1.118
⁄⁄ [2.55] 0.25 60.59
MSVFM 0.791
⁄⁄ [2.06] 0.22 56.47
MSVFH 0.339 [0.69] 0.12 54.12
MSV 0.779⁄⁄⁄ [5.76] 0.35 58.04
MKT 0.417 [1.40] 0.09 57.45
SMB 0.179 [0.75] 0.06 50.39
HML 0.410⁄ [1.70] 0.13 57.65








Panel B: Conditional on the change in investor sentiment
DSENT > 0 3.346⁄⁄⁄ 2.791⁄⁄⁄ 3.036⁄⁄⁄ 0.311⁄⁄ 0.14
[7.89] [8.07] [7.57] [2.12]
DSENT < 0 0.958⁄⁄⁄ 1.072⁄⁄⁄ 2.174⁄⁄⁄ 1.216⁄⁄⁄ 0.58
[2.69] [3.48] [6.15] [7.09]
<0  >0 0.905⁄⁄⁄
[4.69]
⁄ Signiﬁcance at the 10% level.
⁄⁄ Signiﬁcance at the 5% level.
⁄⁄⁄ Signiﬁcance at the 1% level.
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in periods of increasing sentiment. The evidence conﬁrms that sen-
timent plays a role in affecting the misvaluation factor MSV, and
that the return spread between under- and overvalued stocks wid-
ens when the inﬂuence of sentiment on the market is weakened.
In Table 6, we examine the relation between MSV and other re-
turn factors. Panel A reports the Pearson correlation between MSV
and the market factor (MKT), size factor (SMB), book-to-market fac-
tor (HML), momentum factor (MOM), liquidity factor (LIQ), invest-
ment factor (INV), leverage factor (LEV), and the ﬁnancing-based
misvaluation factor (UMO) of Hirshleifer and Jiang (2010). Both
MSV and UMO are highly correlated with HML, and the correlation
between MSV and UMO is 0.67. However, there is still a large pro-
portion of MSV that cannot be explained by other return factors.
Panel B reveals that whenMSV is regressed on the other return fac-
tors, the intercept of the regressions ranges from 0.50 to 0.60%,
which is signiﬁcantly different from zero at the 1% level and consti-
tutes over 60% of the average returns of the misvaluation factor
portfolio.12 This suggests that MSV earns an abnormally high return
and that all of the benchmark factors combined explain less than 40%
of the returns on the factor portfolio of MSV.
In Panel B, we regress UMO onMSV and other return factors, and
the intercept is signiﬁcantly positive at the 5% level with a magni-
tude of 0.20%. The results suggest that the conventional return12 The time-series mean of MSV is 0.779% per month as shown in Panel A of Table 5.factors cannot fully explain the variation in either UMO or MSV,
and that the two factors contain different information in capturing
market-wide misvaluation. A closer look at the results reveals
that both factors are signiﬁcantly related to MKT and HML. For
the rest of the factors, UMO is signiﬁcantly related to MOM, INV,
and LEV while MSV is signiﬁcantly related to SMB and LIQ. The evi-
dence is consistent with expectations, as UMO is constructed based
on ﬁrms’ ﬁnancing activities, which could go with the
overall investment waves and be associated with the leverage
effect and past performance. Nevertheless, MSV is built on the
pricing errors of individual stocks, which may concentrate
among small stocks and be partially reﬂected in the book-to-mar-
ket ratio.
5.2. Misvaluation beta and the cross-section of portfolio returns
If MSV captures misvaluation comovement, the stock loadings
on MSV should be able to predict returns. The factor loading mea-
sures the degree to which a stock inherits mispricing from the mis-
valuation factor. In other words, the loading onMSV proxies for the
stock’s systematic mispricing. A positive loading indicates system-
atic undervaluation, whereas a negative loading suggests system-
atic overvaluation. We thus expect stock loadings on MSV to be
positively associated with future stock returns.
We ﬁrst examine the return predictive power of the loadings
on MSV based on the Fama–French 25 size-BM portfolios. As the
covariance between portfolio and factor returns may change over
time, we follow the conventional approach by regressing equal-
weighted portfolio returns on return factors over the past
60 months at the end of each June, and record portfolio loadings
on MSV (denoted as bMSVp ) and on the market, size, book-to-mar-
ket, momentum, liquidity, investment, leverage, and UMO factors












p , and b
UMO
p ,
respectively). The estimated loadings are applied to the next
12 months of data to estimate the premium associated with each
factor. Speciﬁcally, in each month, we perform a cross-sectional
test where returns of the 25 size-BM portfolios are regressed
on the portfolio loadings on MSV and other return factors, which
are estimated in the ﬁrst step. The results are reported in
Table 7.
Column (1) reports the result of regressing portfolio returns on
portfolio loadings on the Fama–French three factors.13 In column
(2), bMSVp is added into the regression, and its coefﬁcient is signiﬁ-
cantly positive at the 1% level (t = 3.32). And the inclusion of bMSVp in-
creases the adjusted R2 of the regression from 45.77% to 50.98%. In






p , and b
UMO
p are included in
the regression. The coefﬁcient on bMSVp remains signiﬁcantly positive
and its magnitude does not change much after the inclusion of the
portfolio loadings on other return factors.
To further investigate the unique information contained in bMSVp ,
we estimate portfolio loadings on an orthogonalized misvaluation
factorMSV\. We regressMSV on the Fama–French three factors and
UMO, and MSV\ is the sum of the intercept and residuals from the
regression. The orthogonalized misvaluation factor has zero corre-
lation with the Fama–French three factors and UMO, and the port-
folio loading on MSV\ is denoted as bMSV
?
p . In column (9), portfolio
returns are regressed on bMSV
?
p and the loadings on other factors.
The coefﬁcient on bMSV
?
p continues to be signiﬁcantly positive,
although the inﬂuence ofMKT, SMB, HML, and UMO has all been re-
moved from MSV\. The return predictive power of bMSV
?
conﬁrms
that the return predictive power of portfolio loadings on MSV is
not driven by its correlation with the market, size, book-to-market,
or UMO factors.13 The negative coefﬁcient on bMKTp is consistent with ﬁndings in recent studies (e.g.,
Hirshleifer and Jiang, 2010).
Table 6
MSV and other return factors. This table reports the relation between the misvaluation factor MSV and other return factors. MKT, SMB, HML, MOM, LIQ, INV, and LEV are market,
size, book-to-market, momentum, liquidity, investment, and leverage factors, respectively, and UMO is the ﬁnancing-based misvaluation factor of Hirshleifer and Jiang (2010).
Panel A reports the Pearson correlation among factors, Panel B reports the results of regressing MSV on other return factors, and Panel C reports the results of regressing UMO on
MSV and other return factors. The estimated coefﬁcients are multiplied by 100 and reported. The numbers in parentheses are t-ratios based on Newey-West standard errors with
12-month lags.
SMB HML MOM LIQ INV LEV UMO MSV
Panel A: Correlation between MSV and other return factors
MKT 0.31 0.31 0.14 0.33 0.23 0.12 0.53 0.40
SMB 0.24 0.03 0.13 0.27 0.27 0.21 0.04
HML 0.15 0.09 0.40 0.66 0.65 0.65
MOM 0.05 0.06 0.14 0.22 0.07
LIQ 0.07 0.01 0.16 0.06
INV 0.50 0.44 0.23
LEV 0.53 0.39
UMO 0.67
Intercept MKT SMB HML MOM LIQ INV LEV UMO Adj. R2 (%) No. obs.
Panel B: Regression of MSV on other return factors
(1) 0.006⁄⁄⁄ 0.138⁄⁄⁄ 0.194⁄⁄⁄ 0.461⁄⁄⁄ 53.34 522
[7.67] [6.76] [5.04] [12.88]
(2) 0.006⁄⁄⁄ 0.139⁄⁄⁄ 0.194⁄⁄⁄ 0.460⁄⁄⁄ 0.005 53.26 522
[7.10] [7.70] [4.93] [13.08] [0.19]
(3) 0.006⁄⁄⁄ 0.148⁄⁄⁄ 0.195⁄⁄⁄ 0.459⁄⁄⁄ 0.025⁄ 54.27 510
[7.77] [7.00] [4.94] [12.75] [1.84]
(4) 0.006⁄⁄⁄ 0.141⁄⁄⁄ 0.190⁄⁄⁄ 0.464⁄⁄⁄ 0.002 53.37 510
[7.75] [6.91] [4.79] [13.26] [0.29]
(5) 0.006⁄⁄⁄ 0.142⁄⁄⁄ 0.195⁄⁄⁄ 0.444⁄⁄⁄ 0.003 53.42 510
[7.46] [7.48] [5.30] [12.63] [0.45]
(6) 0.005⁄⁄⁄ 0.109⁄⁄⁄ 0.188⁄⁄⁄ 0.308⁄⁄⁄ 0.230⁄⁄⁄ 62.08 438
[4.88] [4.70] [6.36] [9.53] [5.16]
(7) 0.005⁄⁄⁄ 0.117⁄⁄⁄ 0.171⁄⁄⁄ 0.317⁄⁄⁄ 0.028 0.035⁄⁄ 0.005 0.006⁄ 0.273⁄⁄⁄ 63. 22 438
[5.05] [5.36] [5.52] [8.79] [1.25] [2.57] [1.13] [1.75] [7.29]
Intercept MKT SMB HML MOM LIQ INV LEV MSV Adj. R2 (%) No. obs.
Panel C: Regression of UMO on MSV and other return factors
(1) 0.004⁄⁄⁄ 0.129⁄⁄⁄ 0.082 0. 306⁄⁄⁄ 0.527⁄⁄⁄ 56.37 438
[4.32] [3.25] [1.36] [3.52] [4.93]
(2) 0.002⁄⁄ 0.099⁄⁄⁄ 0.026 0. 225⁄⁄⁄ 0.178⁄⁄⁄ 0.019 0. 023⁄⁄⁄ 0.017⁄ 0.499⁄⁄⁄ 66. 20 438
[2.01] [2.62] [0.59] [2.90] [3.50] [1.40] [3.77] [1.82] [5.87]
⁄ Signiﬁcance at the 10% level.
⁄⁄ Signiﬁcance at the 5% level.
⁄⁄⁄ Signiﬁcance at the 1% level.
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We also expect systematic misvaluation to possess return pre-
dictive power at the individual stock level. The estimation of betas
based on the data of individual stocks is noisy because their load-
ings on factors are quite unstable. We thus follow Hirshleifer and
Jiang (2010) in using two approaches to estimate stock loadings
on MSV.
In the ﬁrst approach, we run the following monthly regression
for each sample stock using at least 100 daily return data over
the past 12 months:
RET ¼ aþ b1MKT þ b2SMBþ b3HMLþ b4MOM þ b5MSV þ ; ð4Þ
where the coefﬁcient on MSV is denoted as bMSVd . This approach ad-
dresses the concern that loadings on MSV are unstable as the mis-
valuation factor is temporary. At the end of each month, stocks
are sorted into deciles from low to high based on bMSVd . Table 8 re-
ports the average decile return over the next month and the return
difference between deciles with the highest and lowest bMSVd .
Table 8 shows that the average bMSVd is 2.015 for the bottom
decile and 2.521 for the top decile. As we have argued, stocks with
a positive bMSVd tend to be systematically underpriced while stocks
with a negative bMSVd tend to be systematically overpriced. The de-
crease of MSVF from the lowest to the highest bMSVd decile conﬁrms
that low bMSVd stock tend to be overvalued and high b
MSV
d stocks tendto be undervalued. This is as expected as the ﬁrm misvaluation
measure contains information on stock’s systematic misvaluation.
More importantly, we ﬁnd that monthly stock returns increase
monotonically across the bMSVd deciles, and that the top decile out-
performs the bottom decile by 0.461% per month. The return differ-
ence between the two deciles is 0.489% (t = 2.70) per month after
controlling for the market factor, 0.399% (t = 2.27) per month after
controlling for the Fama–French three factors, and 0.490% (t = 2.29)
after controlling for the Fama–French three factors and the
momentum factor. The results suggest that bMSVd has signiﬁcant re-
turn predictive power that could not be subsumed by that of stock
loadings on conventional return factors.
We also report the average size, book-to-market ratio, and past
returns from month t  12 to t  2 for each bMSVd decile. Size in-
creases and then decreases across the bMSVd deciles, revealing that
both high and low bMSVd stocks tend to be small and that the return
predictive power of bMSVd is less likely to be associated with stock
size. BM increases along the deciles, suggesting that stocks with
high (low) book-to-market ratios are more likely to comove with
undervalued (overvalued) stocks. Past returns exhibit a non-linear
pattern across the bMSVd deciles, and the difference in past returns
between the top and bottom bMSVd decile is indistinguishable from
zero.
Another approach to estimating individual stock loadings on
MSV is to rely on characteristic portfolios. At the end of June of each
year, we sort stocks into deciles based on size, and further into
Table 7
Misvaluation comovement: tests at the portfolio level. This table reports the Fama–Macbeth regression of the monthly portfolio returns on portfolio loadings on the misvaluation
factorMSV. At the end of June of each year, the equal-weighted monthly excess returns of the Fama–French 25 size and book-to-market portfolios are regressed on a set of return
factors, including the market (MKT), size (SMB), book-to-market (HML), momentum (MOM), liquidity (LIQ), investment (INV), and leverage (LEV) factors, the ﬁnancing-based
misvaluation factor (UMO) of Hirshleifer and Jiang (2010), and the misvaluation factor orthogonalized to the Fama–French three factors and UMO(MSV\). The factor loadings are
estimated for each portfolio and applied to the corresponding portfolio over the next 12 months. Equal-weighted portfolio excess returns are then regressed on these factor
loadings in cross-sectional regressions monthly. The time-series means of the estimated coefﬁcients are multiplied by 100 and reported. The numbers in parentheses are t-ratios
based on Newey-West standard errors with 12-month lags.
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Intercept 1.871⁄⁄⁄ 1.589⁄⁄⁄ 1.521⁄⁄⁄ 1.757⁄⁄⁄ 1.534⁄⁄⁄ 1.540⁄⁄⁄ 1.641⁄⁄⁄ 1.666⁄⁄⁄ 1.666⁄⁄⁄
[5.39] [5.25] [4.91] [5.65] [5.29] [5.01] [5.66] [4.96] [4.96]
bMSVp 0.388
⁄⁄⁄ 0.417⁄⁄⁄ 0.435⁄⁄⁄ 0.397⁄⁄⁄ 0.394⁄⁄⁄ 0.400⁄⁄⁄ 0.522⁄⁄⁄







⁄⁄⁄ 0.523⁄⁄ 0.423⁄⁄ 0.679⁄⁄⁄ 0.413⁄⁄ 0.353⁄ 0.529⁄⁄ 0.545⁄⁄ 0.545⁄⁄
[3.40] [2.58] [1.97] [2.96] [2.03] [1.70] [2.56] [2.26] [2.26]
bSMBp 0.154 0.125 0.163 0.183 0.151 0.092 0.153 0.162 0.162
[0.97] [0.85] [1.06] [1.24] [1.01] [0.61] [0.86] [0.90] [0.90]
bHMLp 0.377
⁄⁄ 0.397⁄⁄ 0.388⁄⁄ 0.371⁄⁄ 0.358⁄⁄ 0.332⁄ 0.234 0.229 0.229
[2.12] [2.23] [2.30] [2.06] [2.03] [1.91] [1.21] [1.20] [1.20]





bINVp 0.594 2.383 2.383
[0.40] [1.40] [1.40]





Adj. R2 (%) 45.77 50.98 52.35 52.13 52.89 51.17 53.81 57.09 57.09
No. obs. 11,550 11,550 11,550 11,400 11,250 11,250 9600 9600 9600
⁄ Signiﬁcance at the 10% level.
⁄⁄ Signiﬁcance at the 5% level.
⁄⁄⁄ Signiﬁcance at the 1% level.
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100 portfolios are regressed on MSV and other return factors over
the past 36 months, and the loading on MSV bMSVind
 
is assigned to
individual stocks that are included in the portfolio to predict stock
returns over the next month. The results are shown in Table 9.
When the cross-section of individual stock returns are re-
gressed on bMSVind alone in column (1), the coefﬁcient on b
MSV
ind is
0.493 with a t-value of 5.16, and the adjusted R2 is 3.20%. The inclu-









in column (2) only marginally improves the adjusted







, and UMO bUMOind
 
in columns (3)–(6) has little
inﬂuence on the return predictive power of bMSVind . The coefﬁcient
on bMSVind remains signiﬁcantly positive at the 1% level with a magni-
tude of 0.601 (t = 5.89) when loadings on other return factors are
all controlled in column (7). In column (8), we replace bMSVind with
bMSV
?
ind , which is stock loading on the misvaluation factor orthogo-
nalized to the Fama–French three factors and the UMO factor
(MSV\). The coefﬁcient on bMSV
?
ind is still signiﬁcantly positive, sug-
gesting that the return forecasting power of stock loadings on
MSV is not driven by the correlation between MSV and the Fama–
French three factors or UMO.
While bMSVind only captures systematic mispricing, the ﬁrm char-
acteristic measure MSVF reﬂects both idiosyncratic and systematic
mispricing. Daniel et al. (2005) conjecture that both factor and idi-
osyncratic mispricing could help forecast future returns. We thus
add MSVF into the regression in column (9). The coefﬁcients on
bMSVind and MSV
F are 0.239 (t = 2.70) and 0.381 (t = 5.60), respec-
tively, and both are signiﬁcantly different from zero at the 1% level.
These results are consistent with the argument of Daniel et al.Overall, the results in Tables 7–9 show that loadings on MSV
strongly predict returns at both the portfolio and individual stock
levels. The return predictive power of stock loading on MSV is
incremental to that of stock loadings on other return factors, and
the removal of the correlation between MSV and the Fama–French
three factors and the ﬁnancing-based misvaluation factor UMO has
little inﬂuence on the results. The evidence supports our hypothe-
sis that MSV captures misvaluation comovement and that system-
atic mispricing contains unique information about expected stock
returns.
6. Misvaluation comovement and macroeconomic conditions
Previous sections have shown that commonality in
misvaluation occurs and that systematic misvaluation predicts
the cross-section of stock returns. In this section, we examine
whether market-wide misvaluation has impact on the real
economy by investigating the relation between MSV and future
economic conditions.
We conjecture that MSV contains information on the real econ-
omy as it is associated with the correction of average misvaluation
across individual stocks. A high MSV could result from strong cor-
rection to underpricing (higher return on stocks in the bottom 30%
MSVF group), strong correction to overpricing (lower return on
stocks in the top 30% MSVF group), or both. Thus a high MSV is
likely to indicate a faster correction of misvaluation, while a low
MSV could signal an aggravation of misvaluation. Before analyzing
the relation between MSV and future states of the economy, we
ﬁrst examine the association between MSV and misvaluation cor-
rection at the market level empirically.
Table 8
Deciles formed based on bMSVd . This table reports the average monthly returns of
deciles formed based on individual stock loadings on the misvaluation factor MSV, or
bMSVd , which is coefﬁcient b5 obtained from the following regression using
daily returns over the past 12 months with at least 100 return observations:
RET = a + b1MKT + b2SMB + b3HML + b4MOM + b5MSV + , where RET is the daily excess
stock return, and MKT, SMB, HML, MOM, and MSV are the market, size, book-
to-market, momentum, and misvaluation factors, respectively. At the end of each
month, stocks are sorted into deciles based on bMSVd measured at the end of the last
month. The equal-weighted decile returns and return difference between the top and
bottom deciles are reported. CAPM a, FF3 a, and FF3 + MOM a correspond to the
return difference between the top and bottom deciles after adjusting for the market
factor, the Fama–French three factors, and the Fama–French three factors and the
momentum factor, respectively. The average bMSVd , ﬁrm misvaluation (MSV
F), market
capitalization in millions (ME), book-to-market ratio (BM), and past returns from
month t  12 to t  2 (MOM) of each decile are also reported. The numbers in




Ret MSVF ME BM MOM (%)
L 2.015 0.78 0.292 576 0.703 11.65
2 0.884 0.988 0.173 983 0.756 13.28
3 0.494 1.041 0.116 1377 0.787 13.55
4 0.237 1.113 0.076 1762 0.820 13.36
5 0.031 1.097 0.041 1915 0.850 13.26
6 0.163 1.133 0.017 1884 0.877 13.03
7 0.376 1.142 0.020 1618 0.916 13.23
8 0.653 1.13 0.065 1050 0.978 12.92
9 1.096 1.162 0.125 454 1.071 12.68
H 2.521 1.241 0.310 98 1.374 12.58
H-L 4.536 0.461 0.602 478 0.672 0.93





FF3 + MOM a 0.490
[2.29]
⁄ Denote signiﬁcance at the 10% level.
⁄⁄ Signiﬁcance at the 5% level.
⁄⁄⁄ Signiﬁcance at the 1% level.
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valuation, we take the absolute value of MSVF for each stock, or
jMSVFj. A higher jMSVFj suggests a greater degree of misvaluation,
while a jMSVFj close to zero indicates that there’s little deviation
of stock price from predicted fundamental value. In each year,
we calculate the cross-sectional average of jMSVFj, or jMSVF j, to
capture the average degree of misvaluation at the market level.14
The change in jMSVF j from the last year to the current year is de-
noted as DjMSVF j, which is used as an inverse measure of the correc-
tion of misvaluation at the aggregate level in the stock market.
In Panel A of Table 10, we divide all sample years into two sub-
periods based on whether cumulative return on the factor portfolio
of MSV over the year is positive or negative. The ﬁrst two columns
show that DjMSVF j is 0.047 when the cumulative return on MSV is
negative, and 0.011 when it is positive. In the next two columns,
where we sort all sample years into ﬁve subperiods according to
the cumulative return of MSV, DjMSVF j decreases monotonically
from 0.047 to 0.040 across the groups, and the difference in
DjMSVF j between the two subperiods with the highest and lowest
MSV is signiﬁcantly negative at the 1% level. The evidence conﬁrms
that a highMSV is associated with faster correction of misvaluation14 Jiang (2013) shows that the cross-sectional dispersion in ﬁrm valuations captures
market-wide investor overconﬁdence, which could generate aggregate mispricing in
the stock market. In unreported test, we ﬁnd that jMSVF j is highly correlated with the
cross-sectional dispersion in ﬁrm-level misvaluation, which is similar in spirit to the
cross-sectional ﬁrm valuation dispersion measure of Jiang (2013), further suggesting
that jMSVF j is a fair proxy for average stock misvaluation in the market.at the aggregate level, and that misvaluation in the stock market
tends to be exacerbated when MSV is low.
In Panel B of Table 10, we further the analysis using time-series
regressions. When DjMSVF j is regressed on cumulative returns on
the factor portfolios of MKT, SMB, HML, and MOM in row (1), the
coefﬁcients on MKT and SMB are both indistinguishable from zero,
while the coefﬁcients on HML and MOM are signiﬁcantly negative
and positive at the 1% level, respectively. In the univariate regres-
sion in row (2), where DjMSVF j is regressed onMSV alone, the coef-
ﬁcient on MSV is signiﬁcantly negative at the 1% level and the
adjusted R2 of the regression (54.03%) is slightly higher than that
of the regression in row (1) (52.87%). Row (3) shows that the sig-
niﬁcantly negative relation between DjMSVF j and MSV is robust
to the control of MKT, SMB, HML, and MOM. More interestingly,
when MSV is included into the regression, the coefﬁcient on HML
is reduced to be insigniﬁcant.15 Overall, the results in Table 10 con-
ﬁrm that MSV is associated with the correction of stock misvalua-
tion: a high MSV indicates faster correction of misvaluation while a
low MSV suggests that the correction is slowing down and that the
degree of misvaluation could be getting more severe.
Literature has suggested that misvaluation could distort inves-
tors’ and managers’ decision-making, resulting in resource misallo-
cation. For example, high stock prices provide ﬁrms with a cheap
source of ﬁnancing, thus managers of overvalued ﬁrms who per-
ceive the cost of capital to be low are likely to proceed with invest-
ments that would have negative net present value in the absence of
overvaluation. As a result, overvaluation is likely to be followed by
overinvestment. By the same token, ﬁrms will have to forgo posi-
tive investment opportunities when their stock price is underval-
ued and cost of capital is high, resulting in underinvestment.
Stein (1996), Baker et al. (2003), and Polk and Sapienza (2009) all
provide theoretically evidence showing that a ﬁrm’s investment
is affected by misvaluation. Empirically, Gilchrist et al. (2005), Polk
and Sapienza (2009), and Grundy and Li (2010) use various mea-
sures to proxy for misvaluation, and conﬁrm that it affects ﬁrms’
investment decisions. Dong et al. (2006) and Rhodes-Kropf et al.
(2005) empirically document that equity misvaluation has inﬂu-
ence over subsequent ﬁrm investment in the takeover market.
Market-wide misvaluation, by distorting resource allocation
efﬁciency, is likely to create undesirable impact on the real econ-
omy. We thus hypothesize thatMSV conveys information on future
economic prospects. As MSV is positively related to the correction
of stock misvaluation at the market level, we expect a high (low)
MSV to signal improving (worsening) economic conditions. We be-
gin the investigation by characterizing the time-series pattern of
MSV, which is plotted in Fig. 2. The shaded areas correspond to
recession periods as deﬁned by the NBER. The ﬁgure shows that
MSV is positive during most of the periods and more volatile
around economic downturns. A casual look at the ﬁgure reveals
that peaks inMSV usually take place after periods of economic con-
traction or in early expansion, whereas negative spikes often occur
before or during recession. The evidence suggests that high MSV is
likely to be accompanied by good states of the economy, whereas
low MSV predicts bad states.
To examine the relation betweenMSV and future economic con-
ditions more rigorously, we estimate a probit model where the
dependent variable is deﬁned according to the states of the econ-
omy over the next 12 months. The dependent variable equals one15 In unreported tests, we further divide the sample stocks into under- and
overvalued groups each year, and repeat the tests in Table 10 within each group to
investigate the relation between MSV and the correction of misvaluation among
under- and overvalued stocks separately. In both groups, the correction of misval-
uation at the market level is signiﬁcantly positively associated with MSV, suggesting
that a high MSV helps to reduce mispricing for both under- and overvalued stocks.
Table 9
Systematic and idiosyncratic misvaluation: tests at the individual stock level. This table reports the Fama–Macbeth regressions of the monthly individual stock returns on stock
loadings on the misvaluation factor MSV, or bMSVind . Stocks are ﬁrst sorted into deciles based on size and then into deciles based on the ﬁrm misvaluation measure MSV
F. Equal-
weighted returns of the 100 portfolios are regressed on MSV and other return factors over the past 36 months, and the loading on MSV is denoted as bMSVind and assigned to
individual stocks that are included in the portfolio to predict stock returns over the next month. bMSV
?
ind is stock loading onMSV
\, which is the misvaluation factor orthogonalized to














ind are stock loadings
on the market, size, book-to-market, momentum, liquidity, investment, leverage, and UMO factors, respectively. MSVF is the ﬁrm misvaluation measure. Industry dummies are
included in the regressions. The estimated coefﬁcients are multiplied by 100 and reported. The numbers in parentheses are t-ratios based on Newey-West standard errors with
12-month lags.
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Intercept 1.357⁄⁄⁄ 1.852⁄⁄⁄ 1.818⁄⁄⁄ 1.867⁄⁄⁄ 1.843⁄⁄⁄ 1.987⁄⁄⁄ 1.924⁄⁄⁄ 1.960⁄⁄⁄ 1.645⁄⁄⁄
[4.23] [5.67] [5.59] [5.70] [5.68] [5.70] [5.47] [5.55] [4.83]
bMSVind 0.493
⁄⁄⁄ 0.555⁄⁄⁄ 0.549⁄⁄⁄ 0.560⁄⁄⁄ 0.560⁄⁄⁄ 0.596⁄⁄⁄ 0.601⁄⁄⁄ 0.239⁄⁄⁄







⁄⁄⁄ 0.789⁄⁄⁄ 0.844⁄⁄⁄ 0.803⁄⁄⁄ 0.799⁄⁄⁄ 0.718⁄⁄⁄ 0.783⁄⁄⁄ 0.355⁄
[4.32] [4.31] [4.32] [4.19] [3.75] [3.31] [3.62] [1.69]
bSMBind 0.167 0.184 0.157 0.169 0.105 0.114 0.141 0.074
[1.42] [1.58] [1.35] [1.45] [0.84] [0.93] [1.16] [0.63]
bHMLind 0.553
⁄⁄⁄ 0.560⁄⁄⁄ 0.552⁄⁄⁄ 0.531⁄⁄⁄ 0.584⁄⁄⁄ 0.573⁄⁄⁄ 0.580⁄⁄⁄ 0.202⁄⁄
[4.50] [4.47] [4.55] [4.31] [4.15] [4.05] [3.99] [2.07]
bMOMind 0.158 0.186 0.174 0.141 0.177 0.175 0.134 0.081
[0.88] [1.03] [0.97] [0.79] [0.91] [0.91] [0.68] [0.53]
bLIQind
0.434⁄ 0.484⁄ 0.447 0.395
[1.78] [1.76] [1.59] [1.51]
bINVind 0.853 0.816 0.935
⁄ 0.236
[1.61] [1.49] [1.71] [0.43]
bLEVind 2.929
⁄⁄⁄ 3.148⁄⁄⁄ 3.134⁄⁄⁄ 1.126
[3.15] [2.92] [2.83] [1.23]
bUMOind 0.756
⁄⁄⁄ 0.762⁄⁄⁄ 0.780⁄⁄⁄ 0.428⁄⁄⁄
[6.33] [6.06] [6.11] [4.22]
MSVF 0.381⁄⁄⁄
[5.60]
Ind. dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R2 (%) 3.20 3.85 3.88 3.89 3.89 3.78 3.86 3.86 3.98
No. obs. 1,626,888 1,626,888 1,626,888 1,626,888 1,626,888 1,488,895 1,488,895 1,459,051 1,488,895
⁄ Signiﬁcance at the 10% level.
⁄⁄ Signiﬁcance at the 5% level.
⁄⁄⁄ Signiﬁcance at the 1% level.
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to t + 12, and zero otherwise. The independent variables include
compounded misvaluation factor, as well as market, size, book-
to-market, and momentum factors, over the period from months
t  12 to t  1. The results are reported in Table 11.
Columns (1)–(4) present the results of bivariate regressions. The
coefﬁcient onMKT is signiﬁcantly negative across all columns, con-
sistent with the notion that stock market return is a leading indi-
cator of the economy. The coefﬁcient on the size factor is
indistinguishable from zero, the coefﬁcient on the book-to-market
factor is negative but insigniﬁcant with a t-value of 1.54, and the
coefﬁcient on the momentum factor is signiﬁcantly positive. The
results are generally consistent with ﬁndings of Liew and Vassalou
(2000).16
In column (4), we regress the recession dummy on MKT and
MSV, and the coefﬁcient on MSV is signiﬁcantly negative at the
1% level. The evidence is consistent with our observation from
Fig. 2 that an increase in MSV is likely to be followed by expansion
whereas a decrease in MSV signals future economic downturns.
The coefﬁcient on MSV remains signiﬁcantly negative at the 1% le-
vel in column (6), where we further control for the size, book-to-
market, and momentum factors, conﬁrming that the misvaluation16 The coefﬁcient on HML is signiﬁcantly negative in Liew and Vassalou (2000). This
discrepancy results from the selection of different sample periods. In untabulated
tests, we conﬁrm that the coefﬁcient on HML is signiﬁcantly negative over the period
from January 1978 to December 1996, the sample period used by Liew and Vassalou
(2000).factor could act as a strong and robust predictor for future
economic conditions. The results imply that when good states of
the economy are expected, stocks with greater systematic over-
valuation tend to underperform, whereas stocks with greater sys-
tematic undervaluation are more likely to thrive.
There’s another piece of evidence that is worth noting. The coef-
ﬁcient on HML turns from insigniﬁcantly negative in columns (2)
and (5) to signiﬁcantly positive at the 1% level in column (6), after
the control of MSV. Though such a positive relation between HML
and future recession likelihood contradicts the ﬁndings of Liew
and Vassalou (2000), it is more intuitive under the ICAPM frame-
work. It is consistent with the traditional wisdom that investors
tend to hold more value stocks and less growth stocks when they
predict that a recession is coming, as growth stocks are riskier in
worsening market conditions (e.g., Gomes et al., 2003).17 The de-
mand for value stocks and the aversion to growth stocks prior to
recession drives up the book-to-market factor return and results in
a positive relation between HML and future recession likelihood.
The results presented in Table 11 thus suggests that once systematic
mispricing is controlled, HML acts as a state variable under the ra-
tional pricing framework.
In untabulated tests, we repeat the tests in Table 11 but use the
growth rate of real GDP over the 12-month period ahead as the
dependent variable. MSV is signiﬁcantly positively related to the17 Some other studies, however, argue that value stocks could be riskier than growth
stocks during bad times (e.g., Petkova and Zhang, 2005).
Table 10
MSV and the correction of misvaluation. In Panel A, we divide the sample years into
two sub-periods according to whether the cumulative return on the factor portfolio of
MSV is positive or negative over the year. We also try to divide the sample years into
ﬁve sub-periods based on the cumulative return of MSV. In each year t, we calculate
the cross-sectional average of the absolute value of ﬁrm-level misvaluation, or jMSVF j,
which denotes the degree of stock misvaluation at the market level. DjMSVF j is the
change in jMSVF j from year t  1 to year t, which represents the change in the degree
of aggregate stock misvaluation. The time-series mean of DjMSVF j over each
subperiod is reported with corresponding t-ratio shown in the parentheses. In Panel
B, DjMSVF j is regressed on the cumulative returns on the factor portfolios of the
market (MKT), size (SMB), book-to-market (HML), momentum (MOM), and misvalu-
ation (MSV) factors. The numbers in parentheses are t-ratios based on Newey-West
standard errors.
MSV DjMSVF j MSV DjMSVF j
Panel A: MSV and misvaluation correction
<0 0.047⁄⁄⁄ Low 0.047⁄⁄⁄
[4.07] [3.80]








>0  <0 0.058⁄⁄⁄ High  Low 0.087⁄⁄⁄
[4.56] [5.91]
Intercept MKT SMB HML MOM MSV Adj. R2
(%)
Panel B: Regression of DjMSVF j on MSV
(1) 0.001 0.002 0.053 0.153⁄⁄⁄ 0.121⁄⁄⁄ 52.87
[0.07] [0.04] [1.13] [4.36] [4.58]
(2) 0.032⁄⁄⁄ 0.302⁄⁄⁄ 54.03
[5.51] [8.91]
(3) 0.016⁄ 0.004 0.018 0.058 0.088⁄⁄⁄ 0.187⁄⁄⁄ 60.58
[1.78] [0.10] [0.38] [1.64] [3.00] [3.32]
⁄ Signiﬁcance at the 10% level.
⁄⁄ Signiﬁcance at the 5% level.
⁄⁄⁄ Signiﬁcance at the 1% level.
Table 11
Forecasting economic conditions: probit regressions. This table reports the probit
regressions of future economic conditions on MSV and Fama–French factor returns.
The dependent variable equals one if there are at least six NBER dated recession
months over the period from months t to t + 12, and zero otherwise. MKT, SMB, HML,
MOM, MSV are 12-month compounded market, size, book-to-market, momentum,
and misvaluation factor returns over months t  12 to t  1. The numbers in
parentheses are t-ratios based on Newey-West standard errors with 12-month lags.
(1) (2) (3) (4) (5) (6)
Intercept 0.811⁄⁄⁄ 0.696⁄⁄⁄ 1. 014⁄⁄⁄ 0.154 0.881⁄⁄⁄ 0.181
[4.25] [3.30] [4.64] [0.65] [2.99] [0.51]
MKT 3.120⁄⁄⁄ 4.372⁄⁄⁄ 3.468⁄⁄⁄ 5.806⁄⁄⁄ 3.855⁄⁄⁄ 5.157⁄⁄⁄
[3.81] [4.69] [3.79] [5.57] [4.05] [5.22]
SMB 1.549 1.528 1.434
[0.93] [0.98] [0.80]
HML 1.863 1.322 5.482⁄⁄⁄
[1.54] [0.99] [3.12]






13.29 14.24 14.16 24.50 16.15 28.65
No. obs. 469 469 469 469 469 469
⁄ Denote signiﬁcance at the 10% level.
⁄⁄ Signiﬁcance at the 5% level.
⁄⁄⁄ Signiﬁcance at the 1% level.
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by revealing that a higher MSV (lower systematic overvaluation)Fig. 2. Misvaluation factor and business cycles. This ﬁgure graphs the time series of r
represent recession periods as determined by the NBER.is associated with better future economic conditions. Overall, the
results suggest thatMSV could help to predict macroeconomic con-
ditions, which could result from its association with the correction
of misvaluation at the aggregate level in the stock market and
thereby the efﬁciency of resources allocation in the real economy.
The relation betweenMSV and future economic conditions also en-
riches our understanding of the return forecasting power of MSV
loadings in the stock market.
7. Conclusion
In this paper, we measure the misvaluation of individual stocks
directly based on the deviation of their market prices from pre-
dicted intrinsic values. We ﬁnd that stocks with greater degrees
of misvaluation, either under- or overvaluation, tend to have high-eturns on the factor portfolio of the misvaluation factor MSV. The shaded regions
5298 E.C. Chang et al. / Journal of Banking & Finance 37 (2013) 5285–5299er valuation uncertainty and arbitrage difﬁculty. The misvaluation
measure has strong return predictive power beyond that of size,
book-to-market, return reversal, momentum, accrual, asset
growth, the share issuance effect, the investment effect, the lever-
age effect, and the ﬁve-year changes in the market value of equity.
Based on the stock misvaluation measure, we build a misvalua-
tion factor by longing undervalued stocks and short-selling over-
valued stocks. The variation in the misvaluation factor could not
be fully explained by conventional return factors and the ﬁnanc-
ing-based misvaluation factor of Hirshleifer and Jiang (2010). It
earns around 50% excess monthly returns after the control of the
Fama–French three factors, momentum, liquidity, investment,
leverage, and the ﬁnancing-based misvaluation factor, and
achieves a Sharpe ratio of 0.35, which is higher than that of other
factors. More importantly, we show that stocks’ return covariances
with the misvaluation factor are signiﬁcantly positively related to
future returns at both the portfolio and individual stock levels.
The results conﬁrm that misvaluation comoves in the market and
that systematic misvaluation possesses return predictive power.
In addition, we ﬁnd that the return predictive power of stock load-
ings on the misvaluation factor and the ﬁrm misvaluation measure
are not subsumed by each other, suggesting that both systematic
and idiosyncratic misvaluation contain information about ex-
pected stock returns.
Finally, we examine the relation between the misvaluation fac-
tor and future economic conditions. Returns on the misvaluation
factor portfolioMSV are more volatile during contraction than dur-
ing expansion, and strongly predict the likelihood of future reces-
sion. The predictability may stem from the association between
MSV and the correction of mispricing in the stock market. A high
MSV indicates faster correction of misvaluation at the aggregate le-
vel, thus is likely to be followed by improving resource allocation
efﬁciency and better future economic conditions. A low MSV, on
the contrary, implies slow correction or even aggravation of mar-
ket-wide misvaluation, which is likely to be followed by resource
misallocation and worsening states of the economy. The relation
between MSV and future economic conditions furthers our under-
standing of the inﬂuence of systematic equity misvaluation on the
real economy. It also suggests that the return predictive power of
stock loadings on the misvaluation factor could result not only be-
cause the misvaluation factor captures the commonality in misval-
uation across stocks, but also because it signals changes in future
economic prospects, which in turn affect the returns of stocks with
different sensitivities to the misvaluation factor.
This study is not without limitations. The misvaluation measure
used in this paper is adopted from Rhodes-Kropf et al. (2005), and
relies on the industry-adjusted pricing of several fundamental vari-
ables in measuring the true value of individual stocks and their de-
grees of misvaluation. However, there is possibility that the
industry-level adjustment is not sufﬁcient and there is risk not
captured by the fundamental variables considered in the pricing
model. Thus the misvaluation measure could still proxy for stocks’
exposures to risk and a risk-based alternative cannot be com-
pletely ruled out. Nevertheless, the evidence that the misvaluation
measure is associated with stocks’ valuation uncertainty and arbi-
trage difﬁculty, as well as the fact that the control of stocks’ sensi-
tivities to conventional risk factors has little inﬂuence on the
return predictive power of the misvaluation measure, are both
supportive of the argument that the measure captures, at least to
some degree, the mispricing of stocks.
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